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Abstract

Assessment of population dynamics is central to population dynamics and conservation. In structured populations, matrix
population models based on demographic data have been widely used to assess such dynamics. Although highlighted in several
studies, the influence of heterogeneity among individuals in demographic parameters and of the possible correlation among
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these parameters has usually been ignored, mostly because of difficulties in estimating such individual-specific param
the kittiwake (Rissa tridactyla), a long-lived seabird species, differences in survival and breeding probabilities among indi
birds are well documented. Several approaches have been used in the animal ecology literature to establish the a
between survival and breeding rates. However, most are based on observed heterogeneity between groups of indiv
approach that seldom accounts for individual heterogeneity. Few attempts have been made to build models permitting e
of the correlation between vital rates. For example, survival and breeding probability of individual birds were jointly mo
using logistic random effects models by [Cam, E., Link, W.A., Cooch, E.G., Monnat, J., Danchin, E., 2002. Individual cova
in life-history traits: seeing the trees despite the forest. Am. Naturalist, 159, in press]. This is the only example in wildlife
populations we are aware of. Here we adopt the survival analysis approaches from epidemiology. We model the sur
the breeding probability jointly using a normally distributed random effect (frailty). Conditionally on this random effec
survival time is modelled assuming a lognormal distribution, and breeding is modelled with a logistic model. Since the
are observed in year-intervals, we also take into account that the data are interval censored. The joint model is estima
classic frequentist methods and also MCMC techniques in Winbugs. The association between survival and breeding
quantified using the standard deviation of the random frailty parameters. We apply our joint model on a large data s
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birds, that was followed from 1984 to 1995 in Brittany (France). Survival is positively correlated with breeding indicating that
birds with greater inclination to breed also had higher survival.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Assessment of the dynamics of populations is
central to population ecology. Matrix population
models have been widely used to investigate the
dynamics of structured populations (e.g.,Linacre
and Keough (2003)) in studies with management and
conservation implications or in studies of life history
evolution (Caswell, 2001). Specification of such
models requires demographic data and estimation
of relevant demographic parameters(Oli, 2003). As
emphasized byGrist and des Clers (1999)or Pitt et al.
(2003) population models have often been criticized
because of unrealistic assumptions (e.g., identical
individuals). There has been an increasing awareness
of the importance of individual heterogeneity in the
life history process to population dynamics(Holmes
and Sherry, 1997; Pontier et al., 2000).

Age- and stage-based matrix population models
have enhanced our ability to account for such het-
erogeneity. However, the mathematical difficulties
raised by complex models partly explain why the

which highlights the need for models permitting esti-
mation of the correlation among these parameters (e.g.
Cam et al. (2002)). Such models can prove difficult
to fit using classical approaches(Link et al., 2002),
but very few attempts have been made. Parameter
estimation has long been recognized as central to
ecological modelling(Jorgensen, 1997; Williams et
al., 2002; Salinger et al., 2003). Our main objective
is to develop a new parametrization for a model to
estimate the survival and breeding probability jointly
using data from a long-lived species (the kittiwake).
We also assess two approaches to fitting the model (a
frequentist and an objective Bayesian approach).

In the kittiwake (Rissa tridactyla), a long-lived
seabird species differences in survival and breeding
probabilities among individual birds are well docu-
mented(Coulson and Wooller, 1976; Coulson and
Thomas, 1985; Thomas and Coulson, 1988; Cam et al.,
1998; Cam and Monnat, 2000; Cam et al., 2002). Sev-
eral approaches have been used in the animal ecology
literature to establish the association between survival
and breeding. The vast majority of these approaches
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As emphasized by the authors, fitting these models can
prove difficult (see alsoLink et al. (2002)). In human
epidemiology a number of technical and more compli-
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Furthermore, as emphasized byvan Tiendere
1995) population models need to account for
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events are observed in yearly intervals, we also take
into account that the data are interval or right censored.
The joint model is estimated using a classic frequen-
tist method and also MCMC samplings in WinBugs
(Spiegelhalter et al., 1996). As emphasized byLink et
al. (2002)MCMC has widely been used in the statistical
literature, but there are still relatively few examples in
wildlife-related applications. Here we use this statisti-
cal tool to fit a model designed to assess the correlation
between reproduction and survival that has never been
used with data from wild animals populations. Estima-
tion of the correlation between vital rates is of central
interest in evolutionary ecology(Stearns, 1992), and
in studies with conservation management implications
(van Tienderen, 1995).

This article is organized as follows. InSection 2we
give a description of the data set and develop the meth-
ods. The classic frequentist method and the Bayesian
approach are given in detail.Section 3describes the re-
sults and we conclude with a discussion inSection 4.

2. Material and methods

2.1. The data set

Data from 862 individually marked birds were col-
lected in Brittany (France) from 1984 to 1995, and
truncated capture–recapture histories of all individuals
birds were gathered including survival and breeding at-
t ince
r ,
1 ing
a pture
p sis,
w and
b oung
( ture
a not
e

2

d
b o-
g for
t g
p se

two random effects were bivariate normally distributed
to assess the correlation between the survival and the
breeding probability. We consider the survival in an-
other way and show that only one frailty, the same for
the survival model and for the breeding attempt model
is needed to assess this correlation and explain why.
Conditionally on this single random effect, the survival
time is modelled assuming a parametric distribution,
and breeding is modelled with a logistic model. We
select the lognormal survival distribution, but several
parametric models are fitted. In WinBugs we also use
the semi-parametric Cox model. Since the deaths are
observed in yearly intervals, we take into account that
the data are interval or right censored: an individual
alive in yearx, and dead in yearx+ 1, is interval cen-
sored betweenx andx+ 1, and an individual alive at
the last recapture is right censored in that year.

2.2.1. Model description
The probability that a bird, indexedi, attempted

breeding in yearj (Yij = 1) is modelled using a logistic
model

pij = Pr(Yij = 1 | Xij, wi)
= (exp(βTXij + wi))(1 + exp(βTXij + wi))−1

whereXij is a vector of covariate values associated with
yearj, β a vector of (unknown) regression weights.wi
is a random effect representing the inclination of birdi
to attempt breeding. Statistically,wi, random effect of
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red at least once, adults birds. This is because y
not yet breeders) birds are more difficult to cap
nd to count, and so their recapture probability is
qual to one.

.2. Methods

Cam et al. (2002)modelled jointly survival an
reeding probability of individual birds applying l
istic models. They used individual random effects

he survival in yeart and for the conditional breedin
robability in yeart + 1 and they assumed that the
ird i is assumed to account for the correlation betw
is repeated breeding attempts. This correlation
e explained by important unknown covariates of
reeding attempts.

We assume that givenwi, Yij andYik for any j and
are independent. Our set of covariates is limite
ender of the bird, the animal’s age, age-square
earj, and calendar year.

The date of death (failure time) of birdi, Ti, is mod-
lled using a frailty model, and given the frailtywi,

og(Ti) is assumed to be normally distributed with
ectationµi = β∗TXi + αwi, and variance-parame
2
T . We choose the lognormal model for sake of c
enience, but we check its marginal fit, and that is
sfactory. We includewi in the model for survival t
valuate the association between survival and b

ng. We assume that the breeding attempts of animi
re independent of its survival givenw, and we furthe
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assume thatw is normally distributed with expectation
zero, and varianceσ2

w. The parameterα determines the
association between the survival and the breeding pro-
cesses: ifα equals zero survival is independent of the
breeding inclination. In this part of the model, the set
of covariates we consider was gender and year of birth
of the birds.

We also estimate the logistic model and the lognor-
mal model apart. In that case the frailty term in the
lognormal model is not identifiable, since a bird dies
only once and we need repeated measurements to be
able to identify random effects.

2.2.2. Only one frailty estimable
In the lognormal-frailty model only one frailty pa-

rameter is estimable. This is easily understood as fol-
lows. Suppose we consider two frailty parameters,wi1
andwi2, to model the association between survival and
breeding:

log(Ti | Xi,wi1) = β∗TXi + wi1 + fi
fi ∼ N(0, σ2

T )

logit(pij) = βTXij + wi2
(wi1, wi2) ∼ N((0,0),Σ)

where

Σ =
(
σ2

1 σ12
2

)
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as we will do in the sequel is in no way restrictive. It
is merely acknowledging that part only of the general
model is estimable. In particular it by no means implies
that the survival and breeding frailties are proportional
(becauseαwi2 is just one part of thewi1 frailty, the other
part being absorbed inf ′

i ). We may also remark that
the choice of a one-parameter distribution for log(Ti)
(e.g. the exponential distribution) renders thewi1 frailty
identifiable. However, we would rather opt for a distri-
bution that better describes the phenomenon and be
content with the estimation of the covariance between
the two frailties.

For the semi-parametric Cox regression model
Elbers and Ridder (1982)showed that a frailty param-
eter is identifiable in some cases. This can, however,
be interpreted as a reflection of violation of the pro-
portionality assumption of the model(Keiding et al.,
1997), and need not reflect individual differences in
the underlying hazards.

2.2.3. Parameter estimation: classic method and
likelihood

LetG(w) be the distribution function of the normal
distribution, then the likelihood of the data of animali
equals

Li = Pr(Ti ≥ ti, Yi1 = yi1, . . . , Yiti = yiti )

=
∫

Pr(Ti ≥ ti, Yi1 = yi1, . . . , Yiti = yiti | wi) dG(w)
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e then rewritewi1 aswi1 = αwi2 + ei, whereei and
i2 are independent. It is always possible to find a c
tantα such thatei = αwi2 − wi1 andwi2 are inde
endent. This is achieved whenα = σ12/σ

2
2. Then, the

ormulation of the survival component of the mo
ecomes

og(Ti|Xi,wi2, ei) = β∗TXi + αwi2 + ei + fi

llustrating the fact thatei andfi are fully confounde
nd consequently that the frailtywi1 is not attainabl

n its entirety. However, one can still estimateα and
2
2 and thus the covarianceσ12 = ασ2

2 between the tw
railties. Thus, writing the survival part of the mode

og(Ti|Xi,wi2, ei) = β∗TXi + αwi2 + f ′
i

=
∫

(F (log(ti)) − F (log(ti−1)))di

× (1 − F (log(ti)))
1−di

ti∏
j=1

exp(yij(β
TXij + wi))

× (1 + exp(βTXij + wi))−1 dG(w)

whereti is the age of the birdi at the last observatio
ime, anddi is an indicator-variable indicating wheth
ird i dies (di = 1) betweenti−1 andti or is still alive
t ti (di = 0), andF (·) are the cumulative distributio

unction associated with log(ti). The unknown param
ers of this joint model (β, β∗, σ2

T , α, σ
2
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n two ways, namely (1) by maximisation of the lo
ikelihood using Gauss-Hermite approximation of
ntegral involved, and (2) by a MCMC approach us

inBugs.
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We first give some details of the maximum likeli-
hood approach. The likelihood contribution of animal
i can be written as

Li =
∫

(F∗
w(log(ti)) − F∗

w(log(ti−1)))di

× (1 − F∗
w(log(ti)))

1−di

×
ti∏
j=1

(exp(yij(β
TXij + wi)))

× (1 + exp(βTXij + wi))−1g(w) dw,

whereg(w) is the density function of the normal distri-
bution with mean zero and standard deviationσw, and
F∗
w(·) is the distribution function of the normal distribu-

tion with expectationµi = β∗TXi + αwi and variance
σ2
T . The integral could be approximated to any desired

degree of precision using the Gauss-Hermite rule:

Li =
∑
l

(F∗
w(log(ti)) − F∗

w(log(ti−1)))di

× (1 − F∗
w(log(ti)))

1−di

×
ti∏
j=1

(exp(yij(β
TXij + σwql)))

× (1 + exp(βTXij + σwql))−1rl,

whereql andrl are fixed known constants(Abramowitz
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Fig. 1. Directed acyclic graph.

and their qualitative conditional independence struc-
ture are given.Fig. 1 shows a directed acyclic graph
(DAG) representing the model assumptions and struc-
ture. Circles represent all unknown quantities, little
rectangles indicate observed data. Then, to provide the
likelihood terms in the model, we specify the paramet-
ric form of the direct relationships between the model
quantities. These likelihood terms in our model are:

Yij ∼ Bernouilli(pij)

logit(pij) = βTXij + wi

Ti ∼ lognormal

(
µi,

1

σ2
T

)

µi = βT∗Xi + αwi
wi ∼ normal

(
0,

1

σ2
w

)

Finally, to complete our Bayesian model specifications,
we choose the following prior distributions. The fixed
effectsβ, β∗, α are assumed to follow vague indepen-
dent Normal distributions with mean zero and low pre-
cision of 0.001. The precision of the frailty (1/σ2

w) and
the precision of the lognormal distribution (1/σ2

T ) are
assumed to arise from non-informative gamma priors,
namely

β, β∗, α ∼ normal(0,0.0001)

1/σ2
w,1/σ

2
T ∼ gamma(0.001,0.001)

W ence
s to
nd Stegun, 1965). The unknown paramete
β, β∗, σ2

T , α, σ
2
w) can be easily estimated by ma

mizing the corresponding loglikelihood. This w
one by the Gauss routine maxlik(GAUSS, 2002).
ince (σ2

T , σ
2
w) are required to be positive we estim

log(σ2
T ), log(σ2

w)).

.2.4. Bayesian approach and modelling
We also take a Bayesian approach to e

ate the unknown parameters of this joint mo
β, β∗, σ2

T , α, σ
2
w). We use Monte Carlo Markov Chai

echniques with the WinBugs package(Spiegelhalte
t al., 1996). For each quantity of interest, a stream
imulated values is generated which converges t
osterior distribution, instead of calculating exac
pproximate estimates.

First, we construct a graphical representation o
odel where the specifications of the model quant
e choose the gamma priors for sake of conveni
inceσ2

w > 0, andσ2
T > 0. In the analysis we take in
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account right and interval censored data with the help
of the WinBugs functionI(upper, lower).

To improve convergence and stability of the sam-
ples, good parameterizations of the parameters are
found to be important. The convergence of the al-
gorithm is checked by using the Gelman and Rubin
(Gelman and Rubin, 1992b,a)convergence test. Their
test is based on two or more parallel chains: each started
from different initial values which are overdispersed
with respect to the true posterior distribution.

Using a Bayesian approach, lead also to pay atten-
tion for the burn-in. The burn-in represents how many
initial iterations need to be discarded in order that re-
maining samples are drawn from a distribution close
enough to the true stationary distribution to be usable
for inference and estimation.

3. Results

3.1. Description of the sample

Data from 862 animals are used for analysis: 395
females, and 434 males and of 33 birds gender cannot
be ascertained. Age at first observation varies from 2

ode

Table 1
Loglikelihood of several parametric models for the survival

Model Loglikelihood d.f. AIC " AICa

Kaplan–Meier −1172.0 12 2368 –
Weibull −1175.8 2 2355.6 12.4
Extreme −1273.9 2 2551.8 183.8
Normal −1189.9 2 2382 14
Logistic −1196.5 2 2397 29
Lognormal −1129.9 2 2263.8 104.2
Loglogistic −1140.8 2 2285.6 82.4

a " AIC is the difference of the AIC compared to the fully non-
parametric model of Kaplan–Meier.

to 8 years with mean 4.1 (S.D.= 0.92), and age of first
reproduction also varies from 2 to 8 years with mean
4.0 (S.D. = 0.92). Observation period starts in 1984
and continues until 1995; there are 98 birds observed
in 1984, 162 in 1985, and between 200 and 305 in the
other years.

3.2. Survival

A total of 249 (29.9%) birds are still alive at the
end of the follow-up period: median live-lengths is 6
years (Fig. 2). Several parametric models are fitted us-
ing classic methods, seeTable 1. The lognormal model
l and Kaplan–Meier.
Fig. 2. Lognormal m
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shows a satisfactory fit to the survival data when com-
pared to the non-parametric Kaplan–Meier(Andersen
et al., 1993)estimate (Fig. 2).

There is no significant difference between male and
female birds: expected life-length is 1.02 times larger
for female birds with 95% confidence interval 0.94–
1.11,P = 0.58. This is consistent with the results of a
previous study of the influence of sex on survival(Cam
and Monnat, 2000). There are small (P = 0.02) dif-
ferences among animals that are observed for the first
time in the different calendar years. The deviance of
the lognormal survival model is 2260. Model compar-
ison can be done using Akaike Information Criterion
(AIC): the lognormal survival model outperforms the
others. Using breeding as a time-dependent covariate,
we find that breeding attempt in the previous year is
significantly (P < 0.001) associated with death-risk at
aget with relative risk 0.67 (95% CI: 0.52–0.86).

3.3. Breeding attempts

Out of 2373 observation-years in total, breeding at-
tempts are made in 2086 cases (87.9%). There is a
highly significant effect of age (P < 0.001), and this
effect is illustrated inFig. 3. In addition, there are sig-

ability

nificant differences between calendar years; in partic-
ular breeding is attempted much less in 1988 when
compared to other years: 68% of the birds attempted
breeding in 1988 while this percentage varied from
85 to 93% in other years. There is no significant dif-
ference between male and female birds. The standard
deviationσw is estimated as 1.12 (P = 0.001), which
corresponds to a correlation of about 0.3 between the
repeated breeding attempts of the same bird. The de-
viance of the logistic breeding frailty model is 1569.3.

3.4. The joint model

The aim of this joint model is to estimate the corre-
lation between the survival and the breeding attempts
of the birds.

3.4.1. Estimation of the parameters
The maximum likelihood and Bayesian approaches

to the estimation of the parameters in the joint model
are similar. We therefore report, for the estimation of
the parameters, the results of the Bayesian approach
only. In the Bayesian approach, we use a 500 burn-in
iterations and 49,500 thereafter. Updates takes approx-
imately 2 h to complete. The posterior mean with con-
of a breeding attempt.
Fig. 3. Marginal prob
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Table 2
Estimation of the parameters of the joint lognormal–logistic model

Parameters Estimation (CI)

Breeding attempt
Intercept 3.781 (2.776; 4.891)
Age 0.4958 (0.2746; 0.7215)
Age2 −0.2678 (−0.3915;−0.1451)
Sex −0.2488 (−0.5939; 0.08651)
Year 1984 0.00 (−)
Year 1985 −0.6156 (−1.619; 0.3227)
Year 1986 −0.6935 (−1.683; 0.2214)
Year 1987 −0.6699 (−1.653; 0.227)
Year 1988 −2.464 (−3.469;−1.582)
Year 1989 −0.4615 (−1.521; 0.5401)
Year 1990 −0.5893 (−1.653; 0.401)
Year 1991 −0.3836 (−1.435; 0.5958)
Year 1992 −0.4623 (−1.5; 0.4981)
Year 1993 −0.457 (−1.496; 0.4998)
Year 1994 −0.4019 (−1.448; 0.5666)
Year 1995 −0.9341 (−1.953;−0.007969)

Survival
Intercept 2.199 (1.882; 2.548)
Year 1980 0 (−)
Year 1981 −0.08403 (−0.4254; 0.2405)
Year 1982 −0.1275 (−0.4553; 0.1828)
Year 1983 −0.2225 (−0.5552; 0.09107)
Year 1984 −0.2143 (−0.562; 0.1154)
Year 1985 −0.1957 (−0.5324; 0.1221)
Year 1986 −0.2602 (−0.6082; 0.07065)
Year 1987 −0.005138 (−0.3532; 0.3251)
Year 1988 −0.09743 (−0.4404; 0.2296)
Year 1989 −0.1445 (−0.495; 0.1927)
Year 1990 −0.078 (−0.4693; 0.308)
Year 1991 −0.3662 (−0.7329;−0.01282)
Year 1992 −0.111 (−0.4904; 0.2698)
Year 1993 0.7014 (−0.4621; 1.817)
Year 1994 0.4361 (−1.439; 2.324)
Sex 0.00089 (−0.07586; 0.07578)
σT 0.4135 (0.3665; 0.4554)

Association between survival and breeding attempt
α 0.1335 (0.04253; 0.266)
σw 1.103 (0.7795; 1.438)

fidence interval for each regression coefficient and for
the frailty parameters are shown inTable 2. The poste-
rior distributions in general are symmetric, both for the
regression parameters (β, β∗, α), and for the variances
(σ2
t , σ

2
w). This is illustrated in figure 4 forα andσw.

The process converges beautifully, as illustrated by the
traces forα andσw in Fig. 4. Indeed we can observe
that the traces follow a normal distribution. The trace
also gives information on the number of iterations it
takes to stabilize.

Gelman–Rubin propose a convergence test based on
two or more parallel chains, each started from overdis-
persed initial values. Here we simulated two Markov
Chains. Their method is based on a comparison of the
within and between chain variances for each variable.
This comparison is used to estimate the factor by which
the scale parameter of the marginal posterior distribu-
tion of each variable might be reduced if the chain were
run to infinity. Best results are obtained for parameters
whose marginal posterior densities are approximately
normal. This is here the case for the estimated param-
eters. These are the median and the 97.5% quantiles
(also called Gelman–Rubin diagnostics) of the sam-
pling distribution for this shrink factor. In the graphs
on Fig. 5, the Gelman–Rubin diagnostics are plotted.
These quantiles are estimated from the second half of
each chain only. If both quantiles are approximately
1.0, effective convergence may be diagnosed. We can
observed convergence on the graphs. (In other words,
samples from the second half each chain may be as-
sumed to have arisen from the stationary distribution.
In this case, summary statistics and density estimates
may be calculated by combining the latter 50% of iter-
ate from all chains.)

The estimates of the parameters inTable 2show
similar conclusions for effects of age, gender, and birth
year on reproduction and survival as are found in the
separate models. Most interesting is that the posterior
mean ofα is 0.13 with posterior standard error 0.057.
This indicates that birds with a higher inclination to
b

fit of
t log-
l s
t nce
o .
T f. =
1

4

cor-
r oba-
b he
o but
u col-
o are
reed also have a longer life-span.
The classical approach permits us to check the

he joint model versus the separate models. The
ikelihood of the joint model was−1909.5, wherea
he loglikelihood of the model assuming independe
f survival and breeding (H0 : α = 0) was−1914.3
he likelihood ratio statistic was therefore 9.6 (d.
), andP-value 0.002.

. Discussion

Our analysis provides evidence of a positive
elation between the survival and the breeding pr
ilities in kittiwakes. This result is consistent with t
ne ofCam et al. (2002)using the same data set
sing other models from ecology. In population e
gy of vertebrates survival and breeding probability
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Fig. 4. Traces and density ofα andσw.

usually modelled using logit models(Williams et al.,
2002). This indicates that we can adapt techniques from
human epidemiology to solve ecological problem with
an appropriate data set. Up to now, frailty models have
been used in an extremely limited number of cases in
population ecology, in spite of the growing apprecia-
tion of their usefulness in related areas of research in
humans (e.g. demography;Hougaard (1991)). An in-
teresting point of our models is that we use only one
frailty in both models for the survival and for the breed-
ing, resulting in a more parsimonious model than the
one employed byCam et al. (2002). We assess the fit
of separate models for survival and breeding attempts,
as well as a joint model for both processes, and the
best model is the joint lognormal-logistic model by far.
Our results provide evidence of a positive correlation
between survival and reproduction using a model dif-

ferent from those previously used(Cam et al., 1998,
2002).

One of the motivations for the development of our
approach to modelling is that there is growing interest
in individual variation in population ecology(Conner
and White, 1999; Grist and des Clers, 1999; Pontier
et al., 2000; Caswell, 2001). In addition, much of the
focus in evolutionary ecology is quantifying and un-
derstanding the sources and consequences of individual
variation in fitness and trait values. Our results provided
unambiguous evidence of substantial heterogeneity in
demographic parameters in this population. One of the
explanations for heterogeneity may be the influence of
genetic differences on survival and breeding. The rela-
tionship between the genetic and individual effects is
an interesting question about which virtually nothing
is known. Approaches based on individual effects are
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Fig. 5. Gelman and Rubin statistic forα andσw.

used in agronomics for animal or vegetable reproduc-
tion, as for instance described in the book fromLittell
et al. (1996). The interpretation of individual differ-
ences in evolutionary ecology due to the existence of
genetical differences is still an important question.

Many classical ecological models are based on
the assumption that populations consist of identical
individuals or homogeneous groups of individuals.
Here for instance, by including an individual effect in
our model, we provide evidence of senescent decline in
survival. This cannot be achieved when analyzed using
classic approaches to the effect of age on survival(Cam
et al., 2002). In clinical biostatistics, models that take
into account individual variation are extensively used,
and research is advanced. This has been very rarely
addressed in wild animal populations. Although senes-

cence has been well documented in humans and in do-
mestic and laboratory animals, evidence for its occur-
rence and importance in the wild remains limited and
equivocal. Knowledge of age-specific patterns of vari-
ation in survival is usually limited by the small number
of older individuals in populations. Studies of age-
related variations in survival also require large numbers
of individuals marked as young, and have to be long in
duration. Our sample was apparently of sufficient size,
and duration. Senescence was also seen in wild pop-
ulations of common sterna(Nisbet and Cam, 2002);
seeBennett and Owens (2002)for a review in birds.

In ecology, individual heterogeneity has important
implications for population management and conser-
vation. For instance, individual heterogeneity of the
demographic parameters influences population viabil-
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ity (Conner and White, 1999). Theoretical and man-
agement implications of individual heterogeneity are
explained in details inLink et al. (2002).

Appendix A. Supplementary data

Supplementary data associated with this article
can be found, in the online version, atdoi:10.1016/
j.ecolmodel.2004.02.021.
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